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Abstract: Baijiu, one of the world’s six major distilled spirits, has an extremely rich flavor profile,
which increases the complexity of its flavor quality evaluation. This study employed an electronic
nose (E-nose) and electronic tongue (E-tongue) to detect 42 types of strong-aroma Baijiu. Linear
discriminant analysis (LDA) was performed based on the different production origins, alcohol
content, and grades. Twelve trained Baijiu evaluators participated in the quantitative descriptive
analysis (QDA) of the Baijiu samples. By integrating characteristic values from the intelligent sensory
detection data and combining them with the human sensory evaluation results, machine learning was
used to establish a multi-submodel-based flavor quality prediction model and classification model for
Baijiu. The results showed that different Baijiu samples could be well distinguished, with a prediction
model R2 of 0.9994 and classification model accuracy of 100%. This study provides support for the
establishment of a flavor quality evaluation system for Baijiu.

Keywords: Baijiu; flavor evaluation; intelligent sensory; machine learning

1. Introduction

Baijiu is one of the world’s six major distilled alcohols, and, compared to other distilled
alcohols, its processing is more complex, involving fermentation, distillation, aging, and
blending [1]. Due to various factors, such as the different raw materials, fermentation
agents, brewing techniques, and ecological environments, Baijiu has a very rich flavor. This
characteristic makes Baijiu products widely popular worldwide, but it also increases the
complexity associated with evaluating Baijiu’s flavor quality [2].

The evaluation of Baijiu’s flavor quality includes flavor chemistry research and sensory
evaluation, which is further divided into human sensory evaluation and intelligent sensory
detection [3]. Human sensory evaluation refers to the method in which consumers or
professionally trained personnel directly evaluate the sensory attributes of a product,
which can be classified into static sensory evaluation and dynamic sensory evaluation [4].
Among the static sensory evaluation methods, quantitative descriptive analysis (QDA) is
one of the typical methods. This method can describe the sensory attributes of a product
and quantify the intensity of each attribute, thus distinguishing different products [5]. For
example, QDA has been used to differentiate Baijiu products of different grades [6], aroma
types [7], and vintages [8]. However, human sensory evaluation is always highly subjective,
and individual differences among evaluators can lead to unstable results.
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Intelligent sensory technology uses sensors to simulate human organs to perceive
food and comprehensively analyze sensory signals [9]. Currently, there are commercial
intelligent sensory detection devices such as electronic noses and electronic tongues, as
well as customized sensor devices for the targeted detection of specific substances [10].
An electronic nose (E-nose) is a biomimetic olfactory device that uses gas sensors to non-
specifically bind volatile compounds and generate responses to identify odors. Sensor
types include metal oxides and conductive polymers [11]. Among them, metal oxide
semiconductor (MOS) sensors are the most commonly used commercial sensors for aroma
detection. They have unique advantages, such as high sensitivity and good stability,
making them suitable for liquor samples with high alcohol content [12]. An electronic
tongue (E-tongue) simulates the human tongue and uses electrochemical and enzyme-based
sensors to identify chemical substances in liquid samples. It consists of a series of sensors,
signal processing systems, and pattern recognition systems [13]. Compared to human
sensory evaluation, the greatest advantage of intelligent sensory detection technology is
that it is not influenced by subjectivity. It is also simple to operate and highly efficient
in detection. Intelligent sensory detection technology has been applied in various types
of food. Zhang et al. used an E-nose combined with an attention convolutional neural
network (CA-CNN) to achieve the rapid determination of the authenticity of liquor and the
stable and accurate classification of liquor quality [14]. Besides Baijiu, a method based on
machine learning and E-nose detection technology can also distinguish wines of different
quality through wine aroma detection data [15], as well as differentiating wine products
corresponding to different grape varieties [16]. Moreover, coffee produced from coffee
beans grown at different altitudes, processed in different ways, or roasted by different
methods can also be sensitively recognized and distinguished by E-nose sensors based on
their aromas [17]. In addition, many independently developed E-tongue sensors can more
specifically and effectively distinguish different beverages, such as wines [18], beers [19],
and teas [20]. Nowadays, more comprehensive and scientific evaluations of product
sensory quality are achieved by combining human sensory evaluation with intelligent
sensory technology. For example, their combination has been applied in tracing the origin
of Baijiu [21], distinguishing quality grades [22], and exploring the factors affecting its
quality [14].

Due to the large amount of data obtained from intelligent sensory detection, data
processing methods are crucial. This technology’s analysis typically involves statistical
methods (i.e., principal component analysis, discriminant analysis, etc.) for sample identifi-
cation and differentiation. It also integrates multi-dimensional sensory detection data with
machine learning to more comprehensively reflect the sensory quality of the product [23].
Methods for the integration of multi-dimensional intelligent sensory detection data in-
clude raw data fusion, feature value fusion, and model fusion after establishing individual
models [24]. Compared to traditional statistical methods, machine learning has greater
advantages in handling large and high-dimensional complex data. Its application in Baijiu
flavor quality evaluation highlights its efficiency, objectivity, and cost-effectiveness [25].

In this study, 42 types of strong-aroma Baijiu were detected using an electronic nose
and electronic tongue. Linear discriminant analysis (LDA) was used to differentiate Baijiu
with different origins, with varying alcohol content and grades. Twelve trained Baijiu
sensory panel members participated in the QDA of the Baijiu samples. By integrating the
intelligent sensory detection data with the human sensory evaluation results, machine
learning was used to establish a multi-submodel-based prediction and classification model
for Baijiu flavor quality evaluation. The overall experimental process framework is shown
in Figure 1. This study aims to provide an effective reference method for the standardization
of liquor quality inspection and to offer scientific methods for the improvement of the
Baijiu quality evaluation system.
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Figure 1. The flowchart of the overall experimental process.

2. Materials and Methods
2.1. Baijiu Samples

In this study, 42 strong-aroma Baijiu samples were collected from different locations
in Jiangsu Province, China (Latitude: 30◦45′ to 35◦08′ N, Longitude: 116◦21′ to 121◦56′ E);
detailed information on the samples can be found in Table 1. All samples were stored in a
constant-temperature, light-protected, and dry environment.

Table 1. Information on the 42 Baijiu samples.

No. Name
Alcohol
Content
(%vol)

Grade Origin No. Name
Alcohol
Content
(%vol)

Grade Origin

1 QYHLZM 42 1 a Yanghe, Suqian 22 GYV3 40.8 E Lianshui, Huaian
2 MRJ 42 1 Yanghe, Suqian 23 SGJF 40.8 E Sihong, Suqian
3 HLMXJM 42 1 Yanghe, Suqian 24 STSJTX 40.8 E Sihong, Suqian
4 HLQH 42 1 Yanghe, Suqian 25 STSJDJ 40.8 E Sihong, Suqian
5 YHJC 42 1 Guannan, Lianyungang 26 MZLSJB 40.8 E Yanghe, Suqian
6 SGW 42 1 Guannan, Lianyungang 27 MZLM6 40.8 E Yanghe, Suqian
7 GYDK 42 E b Lianshui, Huaian 28 GH 52 1 Sucheng, Suqian
8 GYSK 42 E Lianshui, Huaian 29 HLQHDY 52 1 Yanghe, Suqian
9 JSY 42 E Lianshui, Huaian 30 HLZM 52 1 Yanghe, Suqian
10 FRDH 42 E Donghai, Lianyungang 31 HLMXLM 52 1 Yanghe, Suqian
11 ZGHTJ 42 E Guannan, Lianyungang 32 GY52 52 E Lianshui, Huaian
12 DTF 42 E Guannan, Lianyungang 33 WZTX 52 E Sucheng, Suqian
13 TGGC 42 E Guannan, Lianyungang 34 ZGMJ 52 E Yanghe, Suqian
14 TGJC 42 E Guannan, Lianyungang 35 XQH 42 1 Yanghe, Suqian
15 SJ 42 E Sihong, Suqian 36 SH4 40.8 E Yanghe, Suqian
16 EYLH 42 E Sucheng, Suqian 37 SH5 50.8 E Yanghe, Suqian
17 ZGGH 42 E Sucheng, Suqian 38 YMR 35.8 E Muyang, Suqian
18 YHDQLC 42 E Yanghe, Suqian 39 SGDQ 46 E Yanghe, Suqian
19 YHDQQC 42 E Yanghe, Suqian 40 XFGC 53 E Ganyu, Lianyungang
20 HZL 42 E Yanghe, Suqian 41 JSQL 53 E Yanghe, Suqian
21 TZL 42 E Yanghe, Suqian 42 TF 40.8 1 Guannan, Lianyungang

a 1: First grade. b E: Excellent grade.

2.2. E-Nose and Experimental Procedure

The electronic nose (Shanghai Bosun Industrial Co., Ltd., Shanghai, China) used
a portable device that contained 14 metal oxide semiconductor sensors, each respond-
ing primarily to different substances—for example, S1 (propane), S2 (alcohol, isobutane,
formaldehyde), S3 (ozone), S4 (hydrogen sulfide), S5 (ammonia), S6 (toluene, acetone,
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ethanol), S7 (methane), S8 (liquefied gas), S9 (toluene, formaldehyde, acetone), S10 (hy-
drogen), S11 (alkanes), S12 (methane), S13 (methane), and S14 (combustible gases). Each
sensor had an independent, uniformly distributed gas chamber. The detection accuracy
could reach ppb levels, and the sensor response time was less than one second. Before
detection, the samples were diluted 100 times, with 1 mL of each sample placed in a 50 mL
headspace vial, sealed, and left to stand at room temperature for 30 min. The electronic nose
was preheated for 30 min and then cleaned for 120 s before detection. During detection,
the airflow rate was 1 L/min, and the sampling time was 60 s. The sensor signals were
recorded at 60 s. Each sample underwent 30 parallel tests, with system cleaning between
each test until the signal peak returned to baseline.

2.3. E-Tongue and Experimental Procedure

The electronic tongue (Shanghai Bosun Industrial Co., Ltd., Shanghai, China) used a
portable device based on an array of stable sensors composed of inert metal electrodes. It
acquired overall information on the measurement objects through cross-interaction sensing
and analysis technology. Before detection, the electronic tongue was preheated for 30 min,
adjusted, and calibrated, with the amplification set to 300 times, placing the signal range at
[−2.0, 2.0]. To ensure the stability and accuracy of the sensor signals, the electronic tongue
system was first cleaned. After cleaning, the detection began at room temperature. For
detection, 30 mL of each sample was placed in the test cup, and the detection lasted for
120 s. The sensor response data at the 120 s mark were recorded. Each sample underwent
30 parallel tests, with manual cleaning between samples.

2.4. QDA
2.4.1. Panel and Training

A questionnaire was used to recruit 40 people (all meeting the requirements of having
a certain level of sensory sensitivity, no history of food allergies, and no known taste
and smell defects). Based on 100% accuracy in basic taste tests and over 80% accuracy
in identifying taste and smell intensities, 23 individuals were further selected for Baijiu
sensory evaluation training. The training included basic knowledge of Baijiu evaluation,
scale usage, descriptive abilities, and communication skills. During the basic training,
standard 50 mL Baijiu tasting glasses were used, and the participants were informed of the
basic process of Baijiu evaluation. During the scale usage training, the participants were
introduced to the concepts of levels, categories, intervals, and proportions of scales. They
were then provided with five different concentrations of sucrose solutions (1.00, 1.20, 1.40,
1.60, 1.80 g/100 mL) and benzaldehyde solutions (0.20, 0.40, 0.60, 0.80, 1.00 mg/100 mL)
placed randomly. The participants were asked to use a nine-point scale to rate the intensity
of the taste of the sucrose solutions and the smell of the benzaldehyde solutions. This
training was repeated three times. For the descriptive ability and communication skills
training, 4 characteristic aromatic substances of strong-aroma Baijiu were selected. The
4 substances were diluted to appropriate concentrations as different olfactory stimuli and
presented to the participants, who were asked to describe and record their perceptions.
This training was repeated three times. Finally, based on the overall training results,
12 participants (6 males and 6 females) with good stability, consistency, and repeatability
were selected as sensory evaluators using the Panel Check software. All evaluators signed
an informed consent agreement before starting the sensory experiments.

2.4.2. Development of Descriptive Words

Descriptive words for Baijiu were determined through discussion. Baijiu samples were
randomly presented to evaluators, who were then asked to write down as many sensory
descriptors as possible for each sample in terms of color, aroma, taste, mouthfeel, and
style, followed by a discussion. The sensory descriptors from each evaluator were collected
and organized, with synonyms, antonyms, hedonistic descriptions, and quantitative terms
removed. Ultimately, 16 descriptive words with a high perception frequency that accurately
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described the characteristics and differences of various strong-aroma Baijiu samples were
selected, as detailed in Table 2.

Table 2. Sensory descriptors and reference samples used in QDA.

Descriptive Word Definition Reference Sample

Aroma

Ethanol Aroma of alcohol and ester substances 40–50% food-grade ethanol
Chen A woody and honey aroma produced by long-term aging 20–30% honey
Fruity A fruit-like aroma 10–20% apple or pear juice

Jiao An earthy and musty aroma 10–20 g/L Pu’er tea leaves
Grain Aroma of cooked sorghum or corn 100 g/L sorghum

Qu Aroma of Aspergillus oryzae fermentation 100 g/L Aspergillus oryzae fermentation
Sweet Aroma of vanilla extract 0.1–0.2% vanilla extract

Distilled grain Aroma of distillers’ grains produced during fermentation 100 g/L distillers’ grains

Taste
Sourness Sour taste similar to acetic acid 0.1–0.2% acetic acid

Sweetness Sweet taste similar to sucrose solution 10–20 g/L sucrose
Bitterness Bitter taste similar to quinine sulfate solution 0.002% quinine sulfate solution

Mouthfeel

Mellow A comfortable and smooth feeling in the mouth, without
significant irritation 50–100 mL/L soybean milk

Rich Aroma and taste linger in the mouth for a long time 10–20 g/L peanut butter
Clean A refreshing and non-greasy mouthfeel 5–10 leaves/L fresh mint leaves

Harmonious Uniform distribution of various aromas and tastes Equally proportioned mixed fruit juice
Long Aroma and taste linger in the mouth for a long time 1–2 g/L black tea leaves

2.4.3. Sample Evaluation

Twelve evaluators evaluated 42 strong-aroma Baijiu samples. During the evaluation,
20 mL of each sample was placed in a tasting glass, blind-coded with a three-digit number,
and then randomly presented to the evaluators. The evaluators used a nine-point scale
to quantitatively describe the 16 sensory descriptors for Baijiu. Each sample was tested
three times, and the evaluators were required not to eat within one hour of the experiment.
They rinsed their mouths and rested sufficiently between different samples to minimize
the influence of previous samples on subsequent evaluations. The entire experiment was
conducted in a standard sensory room with a temperature of 22–25 ◦C, 50% humidity, good
lighting, and ventilation.

2.5. Machine Learning
2.5.1. Data Preprocessing and Feature Extraction

Data preprocessing first involves calculating the mean of non-missing values and using
this mean to fill in the corresponding missing values. Then, the interquartile range (IQR) is
calculated, and the IQR is used to define the boundaries of outliers. Any detected outliers are
replaced with the median of the respective data range. Data fusion involves selecting feature
value fusion, where the maximum value and smoothed value are chosen as the respective
feature values for the E-nose and E-tongue data. After data fusion, standardized features,
polynomial features, and interaction matrix features are used for feature construction. Data
transformation is performed using quantile transformation based on the data type, followed
by feature selection using a random forest model. Finally, principal component analysis
(PCA) is used for dimensionality reduction, and data augmentation is achieved by injecting
random noise. The extracted feature values are randomly split, with 80% of the data used as
the training set for modeling and 20% used as the test set for model validation.

2.5.2. Model Construction

The Baijiu prediction model consists of at least three different predictive submodels,
with algorithms including logistic regression, decision tree, random forest, gradient boosting
tree, support vector regression, and k-nearest neighbors. The Baijiu classification model con-
sists of at least three classification submodels, with algorithms including logistic regression,
support vector machine, naive Bayes, k-nearest neighbors, and decision tree. The training
set data are input to train each predictive and classification submodel, resulting in the Baijiu
prediction model and Baijiu classification model.
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2.5.3. Model Validation

The test set data are input into the constructed Baijiu prediction model. Each predictive
submodel within the Baijiu prediction model independently calculates the input feature
values, computing each submodel’s R-squared (R2) and prediction bias. The R2, also known
as the coefficient of determination, measures the proportion of the variance in the dependent
variable that is predictable from the independent variables, with a value of 1 indicating perfect
prediction and a value of 0 indicating no explanatory power. The prediction bias measures
the average difference between the predicted and actual values. A bias value of 0 indicates
an unbiased model, with positive bias showing overestimation and negative bias showing
underestimation. The three submodels with the best predictive performance are selected, and
the average of their prediction results is taken as the Baijiu prediction model’s result. The test
set data are also input into the Baijiu classification model, where each classification submodel
independently calculates the input feature values, computing each submodel’s classification
accuracy, precision, and recall. Accuracy is the ratio of correctly predicted instances to the
total instances, providing an overall measure of model performance. Precision is the ratio
of correctly predicted positive observations to the total predicted positives, indicating the
accuracy of positive predictions. High precision means that there are very few false positives.
Recall, also known as sensitivity or the true positive rate, is the ratio of correctly predicted
positive observations to all observations in the actual class. High recall means that there
are very few false negatives. Together, these metrics offer a comprehensive evaluation of
the model performance. The result with the highest output frequency among the three
best-performing submodels is selected as the Baijiu classification model’s result.

2.6. Statistical Analysis

The final data were presented as the mean ± standard deviation and illustrated
using Excel and Origin 2021. LDA was performed using IBM SPSS Statistics 27. Data
cleaning, feature selection, and machine learning model construction were performed using
MATLAB R2023a.

3. Results and Discussion
3.1. Results of LDA Analysis of E-Nose Data

Although volatile compounds in Baijiu are present in small amounts, they have a
significant impact on its flavor. The 42 types of strong-aroma Baijiu samples were grouped
according to their different production origins, alcohol content, and grades. The maximum
values of the raw data from the E-nose detection were extracted as feature values, and then
LDA was performed on the samples from different groups.

LDA is a supervised data dimensionality reduction method where the input data
samples have clear classification labels. The analysis results show that samples of the
same category are distributed close to each other, while samples of different categories are
distributed farther apart [26]. The LDA results for the strong-aroma Baijiu samples with
different origins are shown in Figure 2. Figure 2A shows the LDA classification results
of three types of Baijiu with different origins, with alcohol content of 42%vol and a grade
of first-class. It can be seen that the three samples are clearly distinguished, with HLQH
and MRJ being relatively close to each other, which is consistent with their geographically
close origins. Figure 2B shows the distribution of different regional Baijiu samples with
alcohol content of 42%vol and an excellent grade. EYLH, which is farther away, is located in
Suqian, while GYDK, GYSK, and JSY are all from Huaian, which are also closely clustered
together in the figure. Figure 2C,D show Baijiu samples with alcohol content of 40.8%vol
and 52%vol and excellent grades with different origins. A comparative analysis reveals
that, despite their different origins, some sample points are still distributed closely, possibly
due to the shared water sources or similar raw materials in some origins. The ecological
environment also plays a crucial role in influencing the flavor of Baijiu, leading to certain
similarities in the volatile components of the samples [27].
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The LDA results of the E-nose detection data for Baijiu with different alcohol content
are shown in Figure 3. In Figure 3A, the alcohol content of the three samples is as follows:
GY52 (52%vol), GYV3 (40.9%vol), and JSY (42%vol). It can be seen that GYV3 and JSY,
which have similar alcohol content, are closer in distribution. Figure 3B shows that JSQL
(53%vol) and DTF (42%vol) are closer in distribution, while XFGC (53%vol), which has
the same alcohol content, is farther apart. This indicates that the alcohol content affects
the volatile compounds but is also influenced by other factors, which may weaken the
effect of the alcohol content. Additionally, studies have shown that sensors composed of
metal oxide semiconductor materials are easily affected by high levels of ethanol and water,
resulting in slower baseline recovery and reduced detection efficiency [21]. Figure 3C,D
show premium and first-class Baijiu samples from Suqian. In Figure 3C, the two samples
that are separately clustered are WATX (52%vol) and YMR (35.8%vol), while other samples
with alcohol content ranging from 40%vol to 46%vol are clustered together. In Figure 3D,
the separately clustered sample is GH (52%vol), but two other samples with the same
alcohol content, HZLM and HLMXLM, are mixed with other samples with alcohol content
of 42%vol. This phenomenon may occur because premium Baijiu contains more unique
volatile components, while first-class Baijiu has smaller quality differences. Other studies
have found that increased alcohol content can affect the differentiation of quality grade
classification models, which is somewhat in line with the results of this study [28].

The differentiation results for Baijiu of different grades are shown in Figure 4. In
Figure 4A,B, Baijiu samples of different grades are distinguished, but the first-class and
premium Baijiu samples are still distributed closely. This is mainly because premium Baijiu
typically has a stronger aroma and higher concentration than first-class Baijiu. The E-nose
distinguishes samples based on the different responses to various volatile compounds.
Therefore, differences in concentration do not significantly aid the E-nose in distinguishing
samples [29].
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Baijiu contains about 2% trace components, with volatile compounds accounting for a
large proportion. These compounds have a direct or indirect impact on the aroma, taste,
and mouthfeel of Baijiu [30]. Based on the principle of the detection of volatile compounds,
E-nose technology is gradually being applied to distinguish different Baijiu products. For
example, an E-nose with MOS sensors combined with PCA has been used to differentiate
Baijiu of different vintages [31], while gas chromatography combined with an E-nose has
been used to distinguish different aroma types of Baijiu [32]. Additionally, an E-nose
with quartz crystal microbalance (QCM) sensors combined with PCA has been used to
differentiate various Baijiu brands [33]. According to the results of this study, electronic
nose detection combined with LDA can efficiently distinguish strong-aroma Baijiu from
different regions, with different alcohol content, and of different grades. Compared to PCA,
LDA demonstrates a better discrimination effect for samples with higher similarity.

3.2. Results of LDA Analysis of E-Tongue Data

An electronic tongue (E-tongue) also detects substances using sensors, and the sensitivity
of these sensors can be affected by high alcohol content. However, many studies have proven
that sensors based on inert metal electrodes can better adapt to high-alcohol environments
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and perform accurate detection [34]. The E-tongue equipment used in this study was based
on inert metal sensors. The smoothed values of the raw data from E-tongue detection were
extracted as feature values, and LDA was performed on the samples from different groups.

The LDA results of the E-tongue detection data for strong-aroma Baijiu with different
origins, with varying alcohol content and different grades, are shown in Figure 5. In Figure 5B,
the three samples GYDK, GYSK, and JSY are from the same region, but the E-tongue results
indicate differences among them, whereas the E-nose results show them clustered together.
This suggests that these three samples have high similarity in terms of volatile compounds.
When considering taste substances, the differences among the three samples become apparent.
A similar phenomenon is observed among the three samples in Figure 5J.
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Figure 5. LDA results of E-tongue detection data for strong-aroma Baijiu with different origins, with
varying alcohol content and different grades. (A) Baijiu with 42%vol alcohol content and first-class
grade with different origins, (B) Baijiu with 42%vol alcohol content and excellent grade with different
origins, (C) Baijiu with 40.8%vol alcohol content and excellent grade with different origins, (D) Baijiu
with 52%vol alcohol content and excellent grade with different origins, (E) Baijiu with excellent grade
from Huaian, (F) Baijiu with excellent grade from Lianyungang, (G) Baijiu with excellent grade from
Suqian, (H) Baijiu with first-class grade from Suqian, (I) Baijiu with 42%vol alcohol content and different
grades from Suqian, (J) Baijiu with 42%vol alcohol content and different grades from Lianyungang.
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Overall, the differentiation of the samples by the E-tongue is consistent with the E-nose
results, but the differentiation effect is significantly better than that of the E-nose. This
indicates that the volatile compounds in Baijiu play a dominant role in distinguishing Baijiu
based on its flavor substances. The E-nose can differentiate different samples, while the
E-tongue can detect substances in Baijiu other than volatile compounds, which helps to
further enhance the differentiation effect on different Baijiu samples.

3.3. QDA Results

The QDA results for the 42 strong-aroma Baijiu samples are shown in Figure 6. Overall,
the comprehensive QDA scores for most samples are similar, with some samples scoring
lower, such as STSJTX and EYLH. Among all samples, the highest aroma attribute score is
for JSQL, while the lowest is for STSJTX. The highest taste attribute score is also for JSQL,
and the lowest is for HLQH. In terms of mouthfeel, the highest score is for HLQH, and the
lowest is for EYLH.
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Further grouping the samples for intelligent sensory analysis and plotting the corre-
sponding sensory attribute radar charts, as shown in Figure 7, reveals that samples with
a close distribution in the E-nose and E-tongue LDA analysis results also have similar
profiles in the radar charts. For example, in Figure 7A, HLQH and MRJ have similar
sensory profiles, while SGW, compared to these two samples, has prominent sourness and
a cellar aroma. Regarding premium Baijiu samples from Suqian with different alcohol
content, YMR and WZTX, which are distinctly separated in the intelligent sensory analysis
results, also show differences in Figure 7G. Compared to the other samples, WZTX has
weaker sweet and fruity aromas, as well as relatively weaker sweetness and sourness, but a
longer mouthfeel. YMR, on the other hand, has prominent softness and weaker richness.
Studies have shown that the acidic substances in Baijiu not only directly affect the taste of
Baijiu but also interact with the alcohols to influence the mouthfeel. When the ratio of the
two is appropriate, it can give Baijiu a more lasting mouthfeel [35]. Regarding the first-class
Baijiu from Suqian with different alcohol content, GH stands out the most in the intelligent
sensory results. Figure 7H shows that, compared to lower-alcohol-content samples, GH
has more prominent alcohol aroma, cellar aroma, and sourness. The strong alcohol aroma
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is partly due to the higher alcohol content, but the main sensory attributes distinguishing it
from other 52%vol samples are the fruity aroma, sweetness, and sourness. The primary
contributors to the fruity aroma in Baijiu are certain esters, which help to enhance the
perception of sweetness [36]. GH’s weaker fruity aroma and sweetness perception align
with the current research findings.
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3.4. Baijiu Prediction and Classification Models

This study uses the combined data of the E-nose and E-tongue as input values and the
QDA scoring results as output values. The selected submodels include logistic regression,
decision tree, random forest, gradient boosting tree, support vector regression, and k-nearest
neighbors. Based on the LDA discrimination and QDA scoring results, 16 samples with
representative sensory attributes were further selected from the 42 samples. The test set data
corresponding to these 16 samples were input into each submodel for prediction, and the
average predicted value of all samples under each descriptor was calculated. Then, a linear
fit was performed between the predicted average value and the actual QDA value for each
descriptor. The prediction effect was evaluated using the R2 and prediction deviation, as
shown in Figure 8, where each point represents 16 sensory descriptors. It can be seen that
the R2 of each method is greater than 0.99, and the absolute value of the prediction deviation
is less than 0.001. The average predicted values of the three submodels—logistic regression,
decision tree, and support vector regression—were selected as the final prediction results of
the Baijiu prediction model. The combined R2 of the Baijiu prediction model was 0.9994, with
an absolute prediction deviation of less than 0.001.

Chemosensors 2024, 12, x FOR PEER REVIEW 13 of 16 
 

 

3.4. Baijiu Prediction and Classification Models 
This study uses the combined data of the E-nose and E-tongue as input values and 

the QDA scoring results as output values. The selected submodels include logistic regres-
sion, decision tree, random forest, gradient boosting tree, support vector regression, and 
k-nearest neighbors. Based on the LDA discrimination and QDA scoring results, 16 sam-
ples with representative sensory attributes were further selected from the 42 samples. The 
test set data corresponding to these 16 samples were input into each submodel for predic-
tion, and the average predicted value of all samples under each descriptor was calculated. 
Then, a linear fit was performed between the predicted average value and the actual QDA 
value for each descriptor. The prediction effect was evaluated using the R2 and prediction 
deviation, as shown in Figure 8, where each point represents 16 sensory descriptors. It can 
be seen that the R2 of each method is greater than 0.99, and the absolute value of the pre-
diction deviation is less than 0.001. The average predicted values of the three submodels—
logistic regression, decision tree, and support vector regression—were selected as the final 
prediction results of the Baijiu prediction model. The combined R2 of the Baijiu prediction 
model was 0.9994, with an absolute prediction deviation of less than 0.001. 

 
Figure 8. Submodel prediction of QDA score results and corresponding R2 values for 16 samples. 
(A) Logistic regression, (B) decision tree, (C) random forest, (D) gradient boosting tree, (E) support 
vector regression, (F) k-nearest neighbors. 

This study established a Baijiu classification model to differentiate between 32 strong-
aroma Baijiu samples with different origins and 24 strong-aroma Baijiu samples of differ-

Figure 8. Submodel prediction of QDA score results and corresponding R2 values for 16 samples.
(A) Logistic regression, (B) decision tree, (C) random forest, (D) gradient boosting tree, (E) support
vector regression, (F) k-nearest neighbors.

This study established a Baijiu classification model to differentiate between 32 strong-
aroma Baijiu samples with different origins and 24 strong-aroma Baijiu samples of different
grades. The input values were the fused data from the E-nose and E-tongue. The selected
submodels included logistic regression, support vector machine, naive Bayes, k-nearest
neighbors, and decision tree. The test set data were input into each model, and the
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classification performance was evaluated based on the accuracy, precision, and recall, as
shown in the Table 3 below.

Table 3. Classification accuracy, precision, and recall of logistic regression, support vector machine,
naive Bayes, k-nearest neighbors, and decision tree models for strong-aroma Baijiu with 32 different
origins and 24 different grades.

Model
32 Different Origins 24 Different Grades

Accuracy Precision Recall Accuracy Precision Recall

Logistic Regression 100% 1.00 1.00 100% 1.00 1.00
Support Vector Machine 100% 1.00 1.00 100% 1.00 1.00

Naive Bayes 98.57% 0.99 1.00 93.75% 0.94 0.89
k-Nearest Neighbors 100% 1.00 1.00 100% 1.00 1.00

Decision Tree 100% 1.00 1.00 100% 1.00 1.00

With the exception of naive Bayes, the accuracy, precision, and recall of the classifi-
cation submodels established by the algorithms all reached the highest values. The most
frequent results among the logistic regression, support vector machine, and decision tree
classifications were chosen as the classification results of the Baijiu classification model.
From the perspective of model prediction and classification effects, the integration of E-nose
and E-tongue data with human sensory evaluation results can be used to more comprehen-
sively and efficiently evaluate Baijiu’s flavor quality. Combining at least three submodels as
the final Baijiu prediction and classification models can improve the accuracy in prediction
and classification.

4. Conclusions

This study used an E-nose and E-tongue to detect 42 types of strong-aroma Baijiu
and performed LDA. In the QDA experiment, 16 sensory descriptors were formed for the
42 types of strong-aroma Baijiu. Combining intelligent sensory technology and human
sensory evaluation, strong-aroma Baijiu with different origins, with varying alcohol content
and different grades, could be well distinguished. By integrating feature values from the
E-nose and E-tongue detection data, a Baijiu prediction model and classification model
based on a combination of three submodels were established, achieving good prediction and
classification results. This study combined intelligent sensory technology, human sensory
evaluation, and machine learning to achieve a relatively comprehensive and scientific
evaluation of Baijiu’s flavor quality, providing support for the establishment of Baijiu flavor
quality evaluation methods. This study also provides an effective reference method for the
standardization of Baijiu quality inspection.
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